ABSTRACT Since dynamic economic dispatch with wind power uncertainty poses great challenges for power system operation due to its non-linear and uncertain characteristics, this paper proposes a robust optimization model with different levels of uncertainty budget. The dynamic economic dispatch problem is converted into the robust optimization model with an uncertainty budget, which transforms the nondeterministic model into a deterministic optimization problem. Differential evolution is improved by the sequential quadratic programming method and utilized to solve the robust optimization model. Due to the complex-coupled constraints among thermal units, several constraint-handling procedures are proposed to address those constraint limits, which have a significant impact on the efficiency of the whole optimization. The robust optimization model with an adjustable uncertainty budget is implemented in two test systems. The results obtained for the first test system prove the efficiency of differential evolution-based sequential quadratic programming and the constraint-handling procedures; the performance of the second test system reveals that the robust optimization method with different levels of uncertainty budget provides a promising method for solving the dynamic economic dispatch problem with wind power uncertainty.
I. INTRODUCTION
To decrease fuel costs and carbon emissions, much effort has been made to integrate renewable generation (especially wind power generation) into the power grid. High penetration of wind power generation can result in significant operational challenges due to its uncertainty [1] . Since a large deviation may exist between actual output and forecasted output, the dispatch problem for wind power generation cannot be managed by traditional deterministic optimization methods. Currently, the forecasting of wind power generation on temporal and spatial scales remains elusive [2] ; therefore, stochastic optimization methods are naturally utilized to solve the economic problem associated with wind power. Generally, uncertainty optimization can be broadly divided into three categories: 1) Stochastic programming, 2) Fuzzy programming, and 3) Robust optimization.
Reference [3] takes the stochastic approach, using scenarios to describe the uncertainty of wind power output and generating a scheduling solution for each scenario. Reference [4] utilizes chance-constrained programming to model the impacts of fluctuating wind output on the whole operation system. Reference [5] presents an interesting riskbased scheduling strategy using a fuzzy method to model the uncertainty of wind power generation. However, the probability distribution function obtained from limited samples in stochastic programming can cause large deviations in real-world applications [6] - [9] . The personal experiences of decision makers in the membership function can be subjective, which does not ensure that accurate values are obtained [10] , [11] . Recently, the robust optimization (RO) method has received growing attention for being able to handle uncertainty optimization problems. All of the uncertain parameters are predetermined in the uncertain set, which gives RO two advantages [12] : 1) The uncertain bound is easier to construct than the probability distribution function and membership function and 2) The typical extreme cases can be included in the uncertainty set. Reference [13] presents a robust optimization approach that considers the uncertainty of wind power output and demand response. Reference [14] employs a two-stage robust optimization method with bi-level mixed-integer optimization to consider the uncertainty under nodal net injection. Reference [15] proposes, with some success, a robust interval method for look-ahead dispatch with wind power.
To improve conventional robust optimization, the adjustable uncertainty budget (AUB) is utilized to minimize the conservation problem of RO; the uncertain domain can be controlled by adjusting the uncertainty budget to flexibly obtain the optimal solution [14] . Reference [16] proposes a flexible robust optimization with an adjustable uncertainty budget dispatch model for hybrid wind/photovoltaic/hydro/thermal power systems, which is built to achieve coordination between reliability and economy. In the flexible robust optimization, the adjustable uncertainty budget is proposed to cover the shortcoming of conventional robust optimization.
In this paper, the robust optimization with AUB in literature [16] is utilized to convert non-deterministic dynamic economic dispatch (DED) model into an easily-solving deterministic model. On the basis of literature [16] , it is assumed that forecast errors of wind power follow the normal distribution, uncertainty domain of wind power generation can be divided into several levels, in which probability is calculated with probability density function (PDF). Since probability density function of wind power generation is taken into consideration, the conservation of robust optimization can be decrease in comparison to robust optimization method especially when it is assumed that the uncertainty of wind power generation is completely unknown. Several typical levels of wind power uncertainty are further analyzed for certain extreme cases in real-world application, the optimal schemes can be taken as representative optimal schemes when corresponding extreme cases occur. Moreover, differential evolution with sequential quadratic programming (DE-SQP) is utilized to optimize the deterministic optimization model under different uncertainty levels, and some constrainthandling procedures are proposed to assign the deviation increment of system load balance to thermal units with wind power uncertainty. Furthermore, the optimal results of two test systems by the proposed method reveal that DE-SQP can optimize the DED problem well, and DED with wind power uncertainty can be properly tackled by robust optimization with different levels of uncertainty budget.
The remainder of this paper is organized as follows: Section 2 presents the problem of DED with wind power, Section 3 converts the DED problem into a robust optimization model, Section 4 shows the DE-SQP method, and Section 5 describes the implementation of DE-SQP in the robust optimization model. The implementation in two test systems and conclusions are presented in Section 6 and Section 7, respectively.
II. PROBLEM FORMULATION
With the integration of wind power generation, DED is highly random in comparison to conventional DED of thermal units. The uncertainty budget for wind power output is utilized to obtain the extreme values in extreme cases, which can provide the maximum boundary for a robust optimization model with an adjustable uncertainty budget. The goal of DED with an adjustable uncertainty budget is to optimize the economic cost of thermal units while considering system load balance, output limits, ramp rate limits, and uncertainty budget limits.
A. UNCERTAINTY BUDGET OF INTERMITTENT POWER OUTPUT
For further analysis on the uncertainty of wind power, the wind power output can be described as follows: 
Literature [16] proposes an adjustable robust interval, which can be described as:
where r wj,t ∈ [0, 1] is the dispatch interval coefficient of the jth wind farm at tth time interval,P wj,t is the actual output at the jth wind farm at tth time interval,P wj,t is the forecasted error at the jth wind farm at tth time interval, andP min wj,t ,P max wj,t are the minimum and maximum output fluctuations, respectively, at the jth wind farm at tth time interval. The dispatch interval coefficient reflects the tolerable range for the uncertainty of wind power output, a large dispatch interval coefficient means that the obtained robust dispatch scheme has large tolerated range in the economic problem [17] . When r wj,t = 0, the robust optimization of dynamic dispatch with intermittent uncertainty reduces to a deterministic optimization dispatch.
According to the scenario-based method in reference [18] , nine levels of deviation between actual output and forecast output are taken to describe the adjustable dispatch interval coefficient r wj,t , which satisfies r wj,t ∈ {0, 1/4, 1/2, 3/4, 1} andP min wj,t = −P max wj,t . The deviation between actual output and forecasted output can be divided into nine levels, it generates nine possible output intervals if P wj,t −P wj,t ≤ δ ε (δ ε > 0 is a small number) is also taken as an interval, which can be seen in Figure 1 . It is assumed that forecast errors of wind power follow the normal distribution, the size of each interval (expect the interval when P wj,t −P wj,t ≤ δ ε ) is δ = 1/8 * (P max wj,t −P min wj,t ), which is the standard deviation of the forecast error, and each interval l is associated with the probability p l [19] , [20] . The uncertainty budget for wind power generation at the tth time period is defined as the maximum limit on the summation of the dispatch interval coefficient of each wind power output, which can be described as follows:
It can be seen that the uncertainty budget t is in the range [0, N w ]. The uncertainty budget t can be adjusted according to the robustness of dynamic economic dispatch. The allowed range of wind power generation can be enlarged when the uncertainty budget increases and the dispatch problem is reduced to a deterministic optimization problem, which means that only the expected values of outputs from wind power are considered.
B. ECONOMIC OBJECTIVE
Since wind power generally has a relatively low cost of power generation, the cost of the thermal-wind system can be represented by the fuel cost of the thermal units, which can be expressed by a quadratic function. Moreover, the valvepoint effect can also be taken into consideration: due to the sudden opening of the intake valve of a steam turbine, the fuel cost of a thermal unit can be described as the summation of a quadratic function and a sinusoidal function. The total cost of thermal units can be expressed as follows:
where T is the total time period, N c is the number of thermal units, P ci,t is the output of the ith thermal unit at tth time step, P ci,min is the minimum output of the ith thermal unit, and a i , b i , c i , d i , e i are the cost coefficients of the ith thermal unit.
C. CONSTRAINTS
The main goal of dynamic economic dispatch of thermal units with wind power uncertainty is to minimize the economic cost with the valve-point effect, while considering the system load balance constraint, output limits, the spinning reserve constraint, ramp rate limits and the uncertainty budget constraint.
(1) Power balance constraint
where P wj,t is the output of the jth wind farm at tth time period, P D,t , P loss,t are, respectively, the system load requirement and transmission loss at tth time period, and N w is the number of wind farms. The transmission loss between different power generators is considered; it can be generally expressed as follows:
Here, the output of different power generators is labeled it , and B ij , B 0i , B 00 are the coefficients of transmission loss.
(2) Output limits 
where P ci,max is the maximum output of the ith thermal unit.
where L% is the proportion expressed in the range [0, 1].
For the stability of a hybrid energy resource system, some output needs to be reserved for special cases. Here, a part of the thermal power is reserved based on the proportion of the system load requirement, which is described in equation (8) . (4) Ramp rate limits
where DR ci , UR ci are, respectively, the down-ramp and upramp rates of the ith thermal unit. 
As requirements vary, different uncertainty budgets are required to decrease the conservatism of robust optimization, which is mainly satisfied by adjusting the dispatch interval coefficient r wj,t , which divides the uncertainty domain into different levels.
III. ROBUST OPTIMIZATION MODEL WITH ADJUSTABLE UNCERTAINTY BUDGET
Combined with robustness and an adjustable robust interval, the uncertainty constraints can be approximated by deterministic constraints in extreme cases. Using the uncertainty budget and dispatch interval coefficient of intermittent power output in Section 2.1, the economic dispatch model can be converted into the robust optimization model [16] . To obtain VOLUME 4, 2016 the extreme value of deviation between the actual output and the forecast output, linear duality theory is utilized with the Lagrange function.
According to linear duality theory, max 
With the Karush-Kuhn-Tucker (KKT) optimal condition, it can be simplified as follows: 
Simultaneously, by substituting equation (5) into equation (8) , the maximum value of total wind power output can be obtained:
By replacing P wj,t with equation (1) and equation (2), the extreme value of the deviation between forecast output and actual output can be obtained:
The inequality of total thermal power output can also be obtained: Then, the robust optimal model with an adjustable uncertainty budget can be transformed into the deterministic model as follows:
r wj,tP
According to the above optimization model, the uncertain domain of wind power output can be expanded by adjusting the dispatch interval coefficient r wj,t , which leads to adaptive optimization on the robustness of the optimal solution with an adjustable uncertainty budget.
IV. SEQUENTIAL QUADRATIC PROGRAMMING-BASED DIFFERENTIAL EVOLUTION METHOD
To properly solve the robust optimization model, an improved differential evolution (DE) with sequential quadratic programming (SQP) is proposed. The SQP is embedded into the mutation of DE, which can provide the optimal search direction for DE. In comparison to conventional DE, DE with SQP has more powerful search abilities, which increase its efficiency for solving the robust optimization model with an adaptive uncertainty budget.
A. BACKGROUND OF DIFFERENTIAL EVOLUTION
DE is well-known as a simple yet powerful evolutionary optimization method; it is widely used in real-world applications due to its low number of parameters in comparison to other evolutionary algorithms [21] . DE consists of three operations: mutation, crossover and selection. During mutation, a new individual is generated for the next generation from three distinct individuals, which are selected from the evolutionary population. The mutation operator can be generally described as follows [22] :
where v k+1 is the trial parameter generated at the k + 1th generation, and F ∈ [0, 2) is the scaling parameter of the mutation operator. v k+1 converges to x k r1 when F = 0. In the crossover operator, candidate individual u k+1 i,j is generated with the trial parameter, which is generally described as follows:
where rand() represents a random number in [0, 1], p c is the crossover probability, v 
All optimization problems can be optimized with the above three differential operators by DE regardless of whether the optimization problem is non-convex, high-dimensional or multi-modal. However, conventional differential evolution generally optimizes with a fixed scaling parameter; it cannot adaptively adjust the optimization process, which means that conventional DE cannot properly guide the differential evolution and is apt to fall into local optima.
B. SEQUENTIAL QUADRATIC PROGRAMMING-BASED DIFFERENTIAL EVOLUTION
To improve on conventional differential evolution, the sequential quadratic programming (SQP) method is utilized to provide the optimal search direction for the mutation operator. SQP is widely known as one of the best non-linear programming methods for constrained optimization problems. In comparison to other nonlinear programming methods, SQP performs with more efficiency, accuracy and a higher percentage of successful solutions for a large number of test problems [23] . In SQP, the Hessian of the Lagrangian function is utilized for approximation with the BFGS quasi-Newton updating method, generating the quadratic programming subproblem, which can obtain the optimal search direction to the optimal solution. Generally, the optimization problem can be described as follows:
where m e is the number of equality constraints, and m is the total number of constraints. The objective function f (x) is the economic cost objective in equation (16) and g i (x) represents the equality constraints and inequality constraints in equation (16) . A quadratic program is solved to obtain the search direction at each iteration to update the control variables; the quadratic program can be described as follows:
where H k is the Hessian matrix of the Lagrangian function L(x, λ) and d k is the direction basis at the kth iteration.
Generally, H k can be approximated by B k using the quasiNewton method.
where β is the vector of the Lagrangian operator and ∇ is the gradient operator. According to the above steps for solving the QP sub-problem, the search direction d k can be obtained for the new iteration:
where α k is the step length at the kth iteration, which can be calculated with an augmented Lagrangian merit function L(x, λ, ρ) by considerable reduction, ρ i is a non-negative penalty parameter, and s i is a slack variable (s i = 0 for i = 1, 2, . . . , m e , and s i ≥ 0 for i = m e + 1, m e + 2, . . . , m). The SQP provides a local minimum for the optimization problem. It can be embedded into the mutation operator of DE, which can improve the convergence ability for nonlinear programming. This paper replaces equation (17) with equation (23) , and the iteration process can also be taken into the population evolution, which improves the efficiency of SQP.
V. IMPLEMENTATION OF THE PROPOSED DE-SQP IN THE ROBUST OPTIMIZATION MODEL WITH AN ADAPTIVE UNCERTAINTY BUDGET
Since the robust optimization model with adaptive uncertainty is a high-dimension and complex-constraint problem, VOLUME 4, 2016 
proper implementation primarily depends on the constrainthandling technique during the optimization process. The proposed algorithm optimizes the DED problem by pruning the infeasible regions and promoting the promising regions. Here, the implementation strategy focuses on the solution encoding strategy, population initialization strategy and constraint-handling strategy.
A. SOLUTION ENCODING STRATEGY
Due to the high-dimensional and complex-constrained characteristics of the DED problem, a set of thermal outputs and some other parameters are used as the decision variables. For T scheduling periods on the schedule horizon, there are T schedule periods of thermal output P ci,t in N c thermal units, T schedule periods of parameters λ t , λ + t , λ − t , and T schedule periods of the dispatch interval coefficient r wjt in N w wind farms, which can be encoded as (24) , as shown at the top of this page
B. POPULATION INITIALIZATION AND VIOLATION FORCE STRATEGY
Before the evolutionary population proceeds in differential evolution, the individuals in the evolutionary population need to be initialized in the feasible area. Generally, the initialization of the evolutionary population can be carried out as follows:
where l i , u i are the lower and upper boundary of the ith decision variable, respectively. In the differential evolution, individual values cannot avoid violating the permitted constraint limits; therefore, some measures need to be taken to force those infeasible values into the feasible domain. The violation force strategy is as follows:
C. CONSTRAINT-HANDLING TECHNIQUE FOR DED PROBLEM
Since DED has various complex-coupled constraints, the constraint-handling technique can affect the DED problemsolving efficiency to a great extent. The system load balance constraint can be taken as the most important constraint in solving the DED problem. To address this constraint properly, a constraint handling technique is proposed to decrease the deviation of system load balance constraint, which can be defined as follows:
According to the expression for L loss,t presented in equation (6), the variation of the deviation can be found as follows:
Assuming that all of the thermal output is adjusted with the same increment of deviation, or ℵ = P it = P jt (i = j), the following can be obtained:
The above variation of deviation is used to adjust the output of the thermal unit with the coupled constraint-handling technique in [24] , which handles the system load balance with coarse adjustments and a fine tuning method and defines the total violation to control the constraint limits for screening feasible individuals during the population evolution.
D. IMPLEMENTATION FLOWCHART FOR ROBUST OPTIMIZATION OF THE DED PROBLEM WITH AN ADJUSTABLE UNCERTAINTY BUDGET
Since robust optimization for DED with an adjustable uncertainty budget is a complex coupled optimization problem, the procedures for solving the robust optimization problem need to be properly followed, and the whole optimization [25] and literature [26] .
procedure must be substantial and intact, with all possible cases being considered in the implementation process. The steps in the optimization model can be taken as follows:
Step 1: The value of the dispatch interval coefficient r wj,t is taken from the set {0, 1/4, 1/2, 3/4, 1} in ascending order, which needs to satisfy N w j=1 r wj,t ≤ t . After setting the current order number I = 0, go to Step 2;
Step 2: Initialize all of the individuals in the evolutionary population and parameters. If the value of each individual is in the feasible domain of equation (25), the maximum value of uncertainty budget t is given. Set the generation number g = 0 and go to Step 3;
Step 3: Apply the DE-SQP method to the evolutionary population; the information of each individual can be updated as the evolution proceeds. In each generation, if the value of any individual violates the feasible domain, the force violation strategy is applied to force the individual into the feasible area, which is introduced in Section 5.2. The procedure goes to Step 4;
Step 4: Use the constraint-handling technique on the population evolution of current generation: if the violation error p,t < ε p , the individual can be taken as a feasible individual. Calculate the economic cost of all of the thermal units, select the best individual as the current optimal individual X * g , and go to Step 5;
Step 5: If g < g max , then g = g + 1, go to Step 2; Otherwise, the obtained individual X * g is taken as the optimal individual at the I th order, store it in the optimal set, and go to Step 6;
Step 6: If I < I max , then I = I +1, go to Step 1; Otherwise, select the optimal individual from the optimal set according to the required extreme cases, and output the optimal scheme of the selected optimal individual.
VI. CASE STUDY
To verify the efficiency of robust optimization on DED, two test systems are presented: 1) Test system 1 consists of 10 thermal units without wind power generation; the valve-point effect and transmission loss are considered; 2) Test system 2 consists of 10 thermal units and 4 wind farms; the valve-point effect and transmission loss are considered. The DED is first converted into a robust optimization problem and is then optimized with DE-SQP using the robust optimization model while dealing with various different equality constraints and inequality constraints.
A. TEST SYSTEM 1
Test system 1 utilizes the conventional DED model for 10 thermal units over 24 time periods at hourly intervals, and the valve-point effect and transmission loss among those thermal units are properly taken into consideration. This test system mainly demonstrates the efficiency of DE-SQP with several constraint-handling procedures, and the obtained results are used for comparison with other alternatives. All the details about thermal units, output limits, system load balance and transmission loss can be found in [25] .
The population size is set to 100, the mutation probability is set to 0.4, the maximum generation number is 400, and the permitted total violation is set to 0.1. The thermal output of each thermal unit at each time period is taken as the decision variable, DE-SQP is utilized to optimize the DED problem with transmission loss, and the constraint-handling method for transmission loss is provided in literature [25] . Here, the obtained results are compared with other alternatives in literature [26] , which can be seen in Table 1 .
In comparison with other alternatives, it can be seen that the DE with SQP generates the minimum fuel cost within a shorter CPU time. Evolutionary programming (EP) has the highest fuel cost and takes the most time, while Particle swarm optimization (PSO) and Artificial immune system (AIS) in literature [26] have relative high fuel costs with high time consumption. Non-dominated sorting genetic algorithm-II (NSGA-II) in literature [25] optimizes the fuel cost and emission rate under a different scaling factor. The economic load scheduling (ELD) result has a relatively low fuel cost in comparison with EP, PSO and AIS in [26] . Since the DE-SQP method is based on DE, DE is also utilized for comparison with DE-SQP. The obtained fuel cost is lower than that of DE yet consumes more time, which is mainly caused by the iteration procedures in SQP.
For further analysis of the optimal scheme by DE-SQP, the output details of the 10 thermal units are shown in Figure 2 . Each colored bar represents the output of a different thermal unit at each time period. The outputs of Units #6-#10 are relatively low in comparison to Units #1-#5 due to their low output capacity. The output of each thermal unit at each time period properly satisfies the output limits, ramp rate limits, and system load balance constraint, which has been properly handled. From the time point of view, the total output of the 10 thermal units properly satisfies the system load requirements, which are low in the time intervals 01:00-10:00, 15:00-18:00 and 22:00-24:00. Since transmission loss among thermal units is taken into consideration, transmission loss can also be taken as an important criterion for the efficiency of solving DED. All of the transmission losses are presented in Table 2 .
It can be seen that transmission loss changes with the system load requirement: if the system load is large at a time period, the transmission loss can also be relatively large. However, the output does not exceed 5% of the system load at each time period, which means that the system load balance constraint has been properly handled with the proposed constraint-handling procedures. According to the above analysis on the DED, it can be found that the proposed DE-DQP is efficient for the DED optimization problem and that the constraint-handling procedures can handle the output limits, ramp rate limits and system load limits properly. Furthermore, the proposed DE-SQP and constraint-handling technique show a promising approach for solving DED with wind power generation, which provides great impetus for solving the robust optimization model with an adjustable uncertainty budget.
B. TEST SYSTEM 2
Four wind farms are added to the 10 thermal units to verify the robust optimization with uncertainty budget. Nine dispatch interval coefficients are utilized to divide the uncertainty of wind power generation. In this test system, the value eight intervals. Combined with the wind power output in Figures 3-6 , they have similar variation tendencies at several time periods: wind power output falls until 6:00 in the morning, rises at 10:00 and 16:00, and falls again until 20:00 at night. The upper and lower levels represent two extreme cases in the feasible domain: wind power output at its maximum and wind power output at its minimum.
Based on different uncertainty budget requirements, different intervals can be obtained by adjusting the dispatch interval coefficient. After solving the robust model with the DE-SQP method, the obtained results for different levels are presented in Table 3 . The fuel cost, transmission loss, uncertainty budget and total output violation are listed, with nearly all the data in ascending order. When wind power generation is small, the output of the thermal units is reduced, which causes further reduction in the fuel cost. Otherwise, the fuel cost increases. The total output violation is set to 1.0 MW, the violation of different levels do not exceed 1.0 MW, which also means that all the individuals in the evolutionary population are feasible individuals, and the constraint-handling technique has been properly implemented in the robust optimization model. For further analysis on the efficiency of robust optimization with an uncertainty budget, three typical optimal schemes have been selected based on their dispatch interval coefficients. The first typical scheme is at the lower bound of deviation between the forecast output and actual output, the second typical scheme represents the deterministic scheme when the forecast output is equal to the actual power output, and the third typical scheme is at the upper bound of deviation between the forecast output and actual output.
The results of the three typical cases are shown in Table.4,  Table.5 and Table. 6. It can be seen in these tables that the thermal output has similar variation tendencies during the whole period, which means that the optimal DED scheme has been properly obtained under all of the different cases. The first and third typical schemes can be considered the optimal schemes under extreme cases: extreme case 1 and extreme case 2. In extreme case 1, the first optimal scheme can be considered the optimal scheme for the worst case in which actual output is smaller than forecast output, and it avoids all of the possible risks caused by the actual output being smaller than the forecast output. Similarly, the third optimal scheme can be considered the robust optimal solution for the worst case in which actual power output is larger than actual output and avoids all of the possible risks in this situation.
VII. CONCLUSION
When wind power is integrated into the DED model, the optimization of the economic problem becomes a great challenge due to the uncertainty of wind power. To solve this optimization problem, this paper proposes a robust optimization method with an adjustable uncertainty budget with different levels. When the DED model with wind power is converted into a robust optimization model with an uncertainty budget, the nondeterministic optimization problem becomes a deterministic problem, which can be more conveniently optimized. The uncertainty domain is divided into nine levels of extreme cases, and the optimal scheme can be selected according to the extent of risk in real-world applications. Moreover, a constraint-handling technique is proposed to handle various constraints during the optimization process and ensure the feasibility of individuals in the evolutionary population. After implementing the proposed method in two test systems, the obtained results are better than other alternatives, and the robust optimal scheme avoids different degrees of possible risks, which also verifies the efficiency of the robust optimization with an uncertainty budget.
